ABSTRACT Gaining a better understanding of the spatial variation of pests is a key to their more effective mapping to improve our knowledge of their overall population dynamics and optimize our control strategies. Geostatistical methods were used in this study to characterize spatial variability in Lobesia botrana Denis and Schiffermü ller (Lepidoptera: Tortricidae) larval infestation, injury, and damage patterns in six locations over 2 yr. Regression was used to detect and separate macroscale trends from the microscale variation. The presence of macroscale variation indicated a signiÞcant edge effect with insect population moving into vineyards and ovipositing mainly along the Þeld edges. Similarities in the patterns of spatial variability occur between the second and third generations and also between infestation, injury, and damage in all Þelds. The microscale variation was studied using semivariograms for all Þelds. Semivariograms strongly indicate that the spatial structures of L. botrana larvae were aggregated with dependency down a row of vineyards differing from that across rows of the crop, leading to anisotropy. The average range across the vine rows was consistently shorter than along rows, suggesting that migration occurs more easily down rows than across them. The anisotropic analysis further indicates that sampling programs can deploy sample locations at greater distances along the rows than across them, and interpolation algorithms that use this information may produce better map estimates. These results have implications for developing sampling plans for management of L. botrana and for site-speciÞc agriculture.
damage the inßorescences, and those of the following two or three generations damage the green, ripening, and ripe berries. Damage to ripe grapes is often accompanied by infection of the grape by the gray mold fungus Botrytis cinerea Persoon (McClellan and Hewitt 1973 , Savopoulou-Soultani and Tzanakakis 1988 , Fermaud and Giboulot 1992 . In the region of the study, economical importance is mostly focused on the damage caused by the second-and third-generation larvae (Savopoulou-Soultani et al. 1999) .
The method of cultivation in northern Greece and in most grape cultivation regions raises some problems and limitations in developing sampling protocols. The plants are placed in rows, introducing the difÞculty of moving between them (vertical shoot positioning system). Therefore, the grape vine plants are divided by wires in two halves. Usually, the corridor between rows is wide enough to move parallel to the rows, thus providing great ease in locating and inspecting the north half-vine of the one row and the west half-vine of the other row.
Determining the probability distribution of a population is necessary for establishing a sampling procedure (Southwood 1978) . Combined with knowl-edge of the spatial distribution of the population (the spatial arrangement of individuals in a habitat), the probability distribution allows a more accurate estimate of the total injury and/or damage caused and, therefore, a better prediction of yield loss (Hughes and McKinlay 1988) . Patterns can be used to decide which Þeld should be sampled Þrst and to indicate from which part of the Þeld sampling should start. It may be possible to restrict sampling to those times and locations that provide the most information, increasing sampling efÞciency (Barrigosi et al. 2001) . Earlier work (unpublished data) reported aggregated distribution of L. botrana larvae within the plant, based on analysis of the frequency distribution of data (negative binomial distribution). However, an aggregated frequency distribution does not always translate into an aggregated spatial distribution in the Þeld (Young and Young 1998) .
Analysis of the spatial distributions of insect populations is important for developing accurate and efÞ-cient sampling programs driving to more general pest monitoring programs (Southwood 1978 , Taylor et al. 1978 , Taylor 1984 , predicting population density in unsampled locations (Liebhold et al. 1991) , improving pest management strategies (Hughes and McKinlay 1988) , and Þnally understanding ecological relationships with different abiotic and biotic factors (Iwao 1970, Hassel and May 1974) . A way to analyze insect spatial distributions is the use of geostatistics (Isaaks and Srivastava 1989) . Geostatistics refers to statistical procedures that analyze and model the spatial relationships of a phenomenon. Geostatistics uses information about both the value and the location of samples to summarize the correlation among points. These methods have the advantage of characterizing spatial contagion across a spectrum of scales and directions (Liebhold et al. 1991) . Problems in population biology have received considerable geostatistical treatment, with applications in both basic and applied ecology (Rossi et al. 1992) . The principles of the use, the general rules, and the structure of variograms to describe the spatial distribution of insects are discussed by Schotzko and OÕKeeffe (1989) , Schotzko and Smith (1991) , Williams et al. (1992) , Liebhold et al. 1993, and Midgarden et al. (1993) .
To optimally implement strategies such as integrated pest management (IPM) or new ones, such as precision IPM (PIPM) (Fleischer et al. 1999 ) and mapped-and-targeted approachs (Weisz et al. 1996 , Midgarden et al. 1997 , a better understanding of L. botranaÕs larvae within-Þeld spatial organization is needed, as well as an insight as to how such spatial structuring may relate to its biology and population dynamics. Prior geostatistical analysis can improve our efforts to relate the design of sampling to population phenology and quality of population maps. The objectives of these studies were to characterize the spatial distribution of L. botrana larvae and their resulting injury and damage, using geostatistical techniques. Once the spatial structure was described, it was possible to examine if the spatial structure for L. botrana larval densities was aggregated and varied from one sampling area to another. Infestation or injury maps and/or patterns of this spatial characterization can be made. Subsequently, they can be used to decide which Þeld should be sampled Þrst, as well as to indicate in which part of the vineyard the sampling should be carried out and from which point one should start. It may be possible to restrict sampling to those locations that provide the most information, increasing sampling efÞciency and reducing sampling cost.
Materials and Methods
Field Plots. Studies were conducted in the commercial vineyards of the American Farm School and Aristotle University of Thessaloniki, Macedonia (northern Greece). The plots of the study cover an area of Ͻ0.5 ha. This is a typical vineyard size in northern Greece, and this is why we undertook a study at this scale. The four plots (AÐD) consisted of 11 different wine cultivars with 1.3-m plant spacing and 2-m row separation, and the two plots (E and F) consisted of table cultivars with 2-m plant spacing and 2-m row separation (Tables 1Ð 4) . No plot was sprayed with insecticides.
Data Collection Methodology. Exhaustive counts were performed in all plots during the 2-yr period (2003Ð2004), and plants were scouted for larvae. Every plant was entirely inspected, and the number of L. botrana larvae was recorded regardless of their instar. We scouted 2,099 plants, determined their spatial location using x-y actual coordinates, and inspected 25,041 grape clusters. Additional information, and applicability of analyses, can be gained if actual coordinates are used in the spatial analysis (Williams et al. 1992 ). We focused on three different measurements of insect activity: (1) the number of L. botrana larvae per vine (infestation), (2) the number of damaged berries per vine (injury), and (3) the total loss in yield per vine (damage). Each of them has different importance (ecological, biological, pest management) for different people (researchers, scouters, entomologists, farmers). The injury and damage were estimated by counting the number of directly damaged berries from larvae of L. botrana and the number of indirectly damaged berries from B. cinerea. In the second generation, the measurements were taken 1 mo after the beginning of the ßight, a period that coincides with the 2Ð3 wk after the maximum of male catches, or 1 wk after the end of the ßight , 1994 , Broumas et al. 1995 . In this particular period, the damage is easily visible and the larvae have not yet abandoned the clusters for pupation (Broumas et al. 1995) . In the third generation, the measurements were carried out 2 wk after the end of the ßight.
Geostatistical Analyses. Data were Þrst transformed adequately to approximate a normal distribution before analysis. Larval counts were transformed using the formula k Ϫ1 Sinh Ϫ1 (k ͌ x ϩ 3/8), with an estimated common value of the parameter k of the negative binomial distribution, k c ϭ 0.6042 (A.A.I., un-published data), and injury and damage data were square-root transformed ( ͌ x ϩ ͌ x ϩ 1) (Zar 1984) . A transformation is necessary to make the distribution more symmetrical and to remove the trend in variance (Williams et al. 1992 , Sharov et al. 1996 , Young and Young 1998 , Srividya et al. 2002 , Goze et al. 2003 . Then, data were analyzed by quadratic regression and backward elimination (SPSS 2003) to model large scale spatial trends (Cressie 1993, Young and Young 1998) . In cases with signiÞcant large scale trend (P Ͻ 0.10), the residuals from the regression were used to construct the semivariograms; otherwise, the transformed data were used.
The true semivariograms (computed from exhaustive counts) were produced using GS ϩ 7.0 software (Gamma Delta Software 2004). Anisotropic semivariograms were calculated for all data sets in four directions: along rows (0Њ), across rows (90Њ), and along two oblique transects (45 and 135Њ), with a 22.5Њ bandwidth. In situations where directional semivariograms proved equivalent (their estimates were similar), an omnidirectional semivariogram was estimated. Semivariograms were computed using active lag distance (the range over which autocorrelation will be calculated) out to 17 m for plots AÐD and 34 m for plots E and F (about one half the largest distance between data pairs). Lag class distance interval was 2 m for all plots. The values established for active lag distance and lag class distance interval are reasonable because there were sufÞcient pairs of observations available for each lag spacing (Ͼ30) for the variogram to be representative of the whole sampling space and with statistical reliability in each distance class (Rossi et al. 1992 , Liebhold et al. 1993 , Young and Young 1998 . We tested the Þts of spherical, exponential, and Gaussian model. Then, we calculate three model parameters, the nugget variance (the y intercept of the model), the sill (the model asymptote), and the range (the separation distance over which spatial dependence is apparent; m), for the model best Þtting our data. Those data sets showing no spatial structure were assigned a nugget value of 1, a 0 range value, and a sill value of 1. To test the hypothesis that the range of spatial dependence differs between across-row and alongrow cases and to further ascertain whether other factors affect that range, a factorial analysis of variance (ANOVA) was performed, with direction, cultivar, generation, and measurements of insect activity as independent factors (SPSS 2003) .
Results
The characteristics of the L. botrana larval populations (mean larval infestation, injury and damage, percentage of infested plants, probability of the estimated trends by quadratic regression) for each data set (Þeld) are shown in Table 1 . Trend models showed signiÞcant variation in local mean larval densities (infestation) across the Þelds for most Þeld plots (Fig. 1) . In most of the Þelds, the observed trends in L. botrana larval infestation of second generation showed a similar trend with those of the third generation (Fig. 2) . A detailed observation of the trends for all measurements of insect activity showed a clear similarity of these trends between infestation, injury, and damage in all Þelds. Exemplary contour maps of this similarity between all measurements of insect activity are shown in Fig. 3 .
Fourteen of the 19 infestation data sets had significant trends (P Ͻ 0.10), with 7 of these signiÞcant at P Ͻ 0.0001. Only 1 of the 19 models was signiÞcant between 0.05 Ͻ P Ͻ 0.10. For 5 of 19 models, R 2 values ranged 0.10 Ͻ R 2 Յ 0.32. Characterization of the trends for injury and damage was similar, with 16 of the 19 data sets having a signiÞcant trend (P Ͻ 0.10). Seven of the 19 were signiÞcant at P Ͻ 0.0001, and 3 were signiÞcant in the interval 0.05 Ͻ P Ͻ 0.10. For 3 of 19 models, R 2 values ranged 0.10 Ͻ R 2 Յ 0.43 for injury and 0.10 Ͻ R 2 Յ 0.28 for damage. Before estimation of the semivariograms, the assumption of intrinsic stationarity of the error had to be veriÞed (Cressie 1993) . Intrinsic stationarity implies that the mean value does not change over the sampling region (Young and Young 1998) . Regression analysis revealed the presence of trends in most data sets, violating the assumption of stationarity for semivariogram estimation. Macroscale variation was removed, and semivariograms for those Þelds were estimated using the residuals from Þtting the quadratic trend surface. The biological meaning of signiÞcant macroscale trends is that L. botrana larvae infestation, injury and damage in the Þelds were not randomly distributed at the Þeld level. Figure 4 shows an example of raw values for L. botrana larvae distribution across Þelds and the distribution of these data as predicted by the quadratic regression (signiÞcant at the 0.05 level for all Þelds).
Omnidirectional semivariograms (isotropic) showed spatial dependence among samples for each measure- ment of insect activity. Directional semivariograms (anisotropic) gave evidence of differences between the horizontal Ϫ 0Њ (along rows) and vertical Ϫ 90Њ (across rows) directions. Semivariogram models and their parameters for spatial structure of L. botrana larval infestation, injury, and damage, for each data set, are showed in Tables 2Ð 4. When there was no difference between the 0 and 90Њ directions, only the isotropic models are shown. Exemplary semivariograms including comparisons of between and within row (anisotropic), and isotropic semivariograms are presented in Fig. 5 . The exponential model provided the best Þt (based on R 2 values) for the larval semivariogram data in 70 of 108 data sets, the spherical model was the best Þt for 15 data set, and the Gaussian model was the best Þt for 23 of the data sets (Tables  2Ð 4) . In data sets where the spherical model was chosen based on the R 2 value, the exponential model also provided a good Þt with a lower R 2 value and vise versa. It is worth noticing that nearly 100% of variability among sample pairs was explained by spatial dependence. A ratio Ͼ75% indicates strong spatial dependence (Goderya et al. 1996) .
The range of spatial dependence (distance between data pairs at which spatial independence is reached) varied greatly among the data sets from 1.03 to 23.04 m, with a mean range of 7.59 Ϯ 0.51. The range is the most important to IPM mapping out of all parameters because it deÞnes the extreme outermost distance within which samples must be placed from each other. The range in the horizontal Ϫ 0Њ (along rows) direction showed signiÞcantly greater values than those of the vertical Ϫ 90Њ (across rows) direction in 37 of 57 data sets. The 90Њ range values were signiÞcantly more than the 0Њ ones on only six cases, and no signiÞcant differences were observed in 14 situations (Tables  2Ð 4) . We consider that a signiÞcant difference between two values of range must be at least 1.3 m (plant spacing) or 2.0 m (row separation) to have a useful biological meaning. A longer range in a direction means that the values of the property of interest are more continuous in that direction than for a direction with a shorter range (Liebhold et al. 1993) . ANOVA for range determined that differences exist among generations (MS ϭ 133.675; df ϭ 1,99; F ϭ 4.818; P ϭ 0.030), with the second generation exhibiting a longer range (9.0 Ϯ 0.76) than the third one (6.7 Ϯ 0.82). Moreover, the average associated ranges signiÞcantly differ by direction (MS ϭ 126.358; df ϭ 1,99; F ϭ 4.555; P ϭ 0.035) with values of 9.0 Ϯ 0.79 and 6.7 Ϯ 0.79 for 0 and 90Њ, respectively. The combination of the above signiÞcant factors to the range of spatial dependence suggests a mean range of 10.7 Ϯ 1.08 and 7.4 Ϯ 1.08 for 0 and 90Њ, respectively, in the second generation and a mean range of 7.7 Ϯ 1.16 and 6.0 Ϯ 1.16 for 0 and 90Њ, respectively, in the third one. Conversely, the average range of spatial dependence did not differ signiÞcantly among measurements of insect activity (MS ϭ 0.750; df ϭ 2,99; F ϭ 0.027; P ϭ 0.973) or among cultivars (MS ϭ 20.782; df ϭ 1,99; F ϭ 0.749; P ϭ 0.389).
Discussion
Spatial pattern and frequency distribution are different things, but they are both necessary. The frequency distribution of a number of individuals per sample unit gives us the knowledge on how the individuals were arranged within the units, whereas the spatial pattern informs us on how they were arranged among the units. Spatial information is very important for the design of the sampling pattern. The negative binomial distribution (probability distribution) is a useful model for a frequency distribution based on an aggregated spatial pattern, ignoring the location of sample units (Binns et al. 2000) .
Our results showed that within-Þeld changes in local means (trends) were signiÞcant in 74% for L. botrana larval infestation and 84% for their resulting injury and damage of the studied Þelds. The biological meaning of signiÞcant macroscale trends in those Þelds is that L. botrana larvae in the Þelds were not randomly distributed at the Þeld level. Aggregation could be explained by moth oviposition behavior and site seeking. Besides that, femaleÕs mobility for oviposition is quite limited after mating. Similar results have been reported for the Þrst generation of L. botrana and Eupoecilia ambiguella in regions where two genera- tions are completed (Badenhausser et al. 1999 , Geier et al. 1953 . The presence of L. botrana larvae was observed principally along the north-south (along rows direction) Þeld perimeters with a declining infestation across the Þeld (48% of the Þelds exhibit that pattern). From those situations, 11% of the Þelds were found to be infested along the northern perimeter only (e.g., Figs. 1Ð3), and most of the Þelds (37%) received L. botranaÕs larval pressure from two different directions (north and south; e.g., Fig. 3 ). On the across-rows direction (east-west), the trend was established in areas along the eastern and western edges, declining toward the Þeld center (37%), with 21% arriving from both directions (e.g., Figs. 1Ð5) and 16% from western edge only. It is worth noticing that in 16% of the Þelds, the L. botrana larval infestation concentrated only on the west-south corner (e.g., Figs. 1 and 2) .
The pattern of these trends shows a signiÞcant edge effect, with the L. botrana larval populations being highest along the Þeld edges (and in many cases near Þeld corners) and declined from there across the Þeld. This is probably because of the ability of L. botrana to develop on several potential wild or cultivated host plants commonly found adjacent to the vineyards. Females are active about a month before the blooming of V. vinifera and may lay some or all their eggs on alternative host plants found adjacent to the vineyards, especially in olive trees (Olea europaea), contributing to the production of large numbers of Þrst-generation adults and constituting an important and unanticipated source of grape vine infestations , SavopoulouSoultani et al. 1990 , Stavridis and SavopoulouSoultani 1998 . The presence of olive trees in a frequently random way is a typically characteristic in Greece. Moreover, L. botrana oviposits readily on olive inßorescences, which may be superior to vine ones as larval food Tzanakakis 1989, Savopoulou-Soultani et al. 1990) . Prunus persica, Prunus domestica, and Taraxacum officinale all have the potential to serve as reservoirs for populations of L. botrana, especially early in spring, because they bloom earlier than the main host plant Vitis vinifera (Savopoulou-Soultani et al. 1990, Stavridis and Savopoulou-Soultani 1998) . Therefore, in the second generation of L. botrana, where the main host plant is preferable (the grape berries have been made up), the insect population enters the vineyard and oviposits mainly along the Þeld edges.
The observed trends in L. botrana larval infestation of the second generation showed a similar trend with those of the third generation (Fig. 2) . A similarity of trends also occurred between infestation, injury, and damage in all Þelds. Those results between the two generations and/or measurements of insect activity could be useful in sampling procedures and in prediction trials. The third generation spatial infestation (and the resulting injury and damage) patterns can be attributed to the location of L. botrana larval in the previous generation; therefore, the sampling design could be focused mainly on those areas. Our results suggest that a narrow perimeter application of insecticide could probably signiÞcantly curtail infestation of the within-Þeld L. botrana population and their resulting damage on grape berries. In a management context, this pattern of the trends would inßuence optimum deployment of sampling locations within the Þeld and methods accounting for the trend in map generation.
The variograms make it possible to judge the independence of infestations in neighboring plants. An increasing variogram is the sign of correlation between neighboring plants at the scales and in the directions tested. L. botranaÕs larval spatial distribution analysis showed a low nugget effect and long range of correlation. Those phenomena are characterized as "well behaved" or "spatially continuous" (Srivastava 1996) . Our results indicated a clearly geometric anisotropy, a commonly encountered phenomenon (Kuhn et al. 1996, Isaaks and Srisvastava 1989) , with greatest continuity in the north-south (horizontal) direction in most of situations. This different behavior dependent on direction could exist because of migration patterns or some environmental cue (Liebhold et al. 1993) . Spatial dependence has been proved with semivariograms in a wide range of pest densities (in some cases, densities were around those occurring in management practice) during a time period of 2 yr, and estimated with high precision (exhaustive counts), in typical northern Greece vineyards, from data covering both wine and table cultivars. Anisotropy present in the directional semivariograms for L. botrana larval infestation, injury, and damage suggest that environmental factors (Rossi et al. 1992 ) may have inßuenced the Þnal spatial distribution across and along rows. The signiÞcantly longer range on the horizontal direction leads to a larger dependence and to more continuous values in this direction and more erratic in the perpendicular direction. This phenomenon could be explained by moth oviposition behavior and site seeking. Female mobility for oviposition is quite limited (30 m) after mating (Badenhausser et al. 1999 ) and seems to be more frequent among vines within the same row than between rows.
Anisotropic analysis is potentially important for IPM in vineyards because L. botrana larval spatial dispersion is effected by a combination of cultural practices and orientation of vine rows. Knowledge of anisotropy can be used to maximize the efÞciency of sampling placement and choice of interpolation methods for map making. The samples need to be spaced at distances less than the anisotropic range and should be more frequently spaced across the vine rows than down them. The anisotropy from our results dictated an ellipse in the pattern of spatial continuity. This ellipse is oriented with its major axis parallel to the direction of maximum continuity at Ϸ9 m (at least six vines) and a minor axis of Ϸ6.7 m (at least three rows), corresponding to a general pattern issuing from average associated ranges for 0 and 90Њ, respectively. Separating the ranges for second and third generations leads to a 7.4 by 10.7 (Ϸ3Ð 4 rows ϫ 6 Ð7 vines) and a 6.0 by 7.7 (3 rows ϫ 5 vines exactly) ellipse, respectively. The use of an anisotropic search window (ellipse) could produce an improvement in sampling design and in kriging techniques (Isaaks and Srisvastava 1989) .
With respect to sampling, as an integral component of an IPM program, geostatistical estimates can be used to determine the required sampling scale to obtain spatially independent samples. The sampling plan must lead to independent observations and to a reduced sampling cost. The results obtained in this study showed that redundant information could be obtained when sampling adjacent vines on the same row. Furthermore, sampled values can be used in interpolating algorithms, such as kriging, to predict abundance at unsampled locations in space (Isaaks and Srivastava 1989 , Fleischer et al. 1999 , Blom and Fleischer 2001 .
